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Abstract 
This paper describes approach used and experiences from re-developing an undergraduate major in data analytics. Industry 
feedback  into  re-design suggests that focus should move from specific analytics techniques to kindling student understanding of 
the business context. We identify challenges faced in undertaking this kind of course redesign and describe lessons learned. The 
major challenge is how to balance the complexities of data and domains with the simplifications required to  promote student 
learning. One major lesson learned is that a task-centric rather than topic-centric learning approach is needed. 
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1. Introduction 
As part of ongoing course redesign, the Faculty of Engineering and IT at the University of Technology, Sydney, has 
recently redesigned it is undergraduate majors. This paper describes our experiences  effecting redesign of data 
analytics major. We outline the feedback we received from stakeholders, some of the challenges we face in teaching 
analytics and some lessons learned. The redesign was recently approved so it is validation is going. Any course 
redesign must be taken in context of the existing course and student cohort. This is described in section 2. Section 3 
outlines the approach taken for the redesign. Course redesign is always balance between stakeholders and section 4 
reports some feedback we elicited from them. Section 5 lists challenges to implementation of redesign. Section 6 
explores lessons we have learned from the redesign and our data analytics teaching. Finally, in section 7 we 
conclude the paper. 
2. Context and background 
The primary undergraduate IT degree at UTS, the Bachelor of Science in IT, comprises majors in four areas: (i) 
business information systems management, (ii) enterprise software development, (iii) internetworking and 
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applications and (iv) computing and data analytics. The last was intended to prepare students for research in either 
industry or university. 
Each major consists of eight subjects of six credit points each. There are also sub–majors consisting of four 
subjects of six credit points that are truncated versions of the majors, to give students taste of  subject area. During 
their studies, students complete eight six-credit point core subjects, one major and remaining 48 credit points 
consisting of either another major, one or two sub-majors or free electives. 
The Faculty has been teaching data analytics subjects for many years, although generally in the guise of data 
mining, machine learning or artificial intelligence. However, data analytics, notably “big data” and data science, has 
recently attracted considerable interest from business and academia, e.g. (Rooney, 2012). 
All course redesign at UTS is governed by the teaching strategy of the university, as embodied in the UTS Model 
of Learning (University of Technology, Sydney, n.d). In a nutshell, this strategy directs that learning should be 
research-inspired and practice-oriented in a global context. Within this strategy the aims of the redesign of the 
major were to increase student engagement in data analytics, improve the practice-orientation and continue to 
inform the teaching with current data analytics research. 
Table 1, column 2, shows the structure of the computing and data analytics major before the redesign. It consisted 
of five core subjects. Students could choose three electives from fields including programming and language design, 
artificial intelligence and data mining or choose an individual research project. The major uncomfortably straddled 
programming and data mining topics. 
 
Table 1. Structure of major. Subjects in col 1, old major col 2, new major col 3. 
√ = subject permitted, × = subject not permitted, − = subject does not exist. 
 
Subjects Old New 
Core subjects   
Introduction to linear dynamical systems √ √ 
Introduction to statistics √ √ 
Data structures and algorithms √ × 
Applications programming √ × 
Data mining and knowledge discovery √ − 
Introduction to data analytics − √ 
Analytics capstone project (in final year of studies) − √ 
Plus electives: 3 of ... 4 of ... 
Web services development √ × 
Database programming √ √ 
Programming language development √ √ 
Intelligent agents √ √ 
e-Business trading √ √ 
Data mining algorithms √ − 
Advanced data analytics − √ 
Image processing and pattern recognition √ √ 
Individual analytics project √ √ 
Visualisation and visual analytics − √ 
Object-relational databases − √ 
The other important context is student background. A decade ago, our undergraduate IT degree moved from being 
computer science to information technology. This led to a change of focus away from mathematics towards 
technical skills such as software development. In practice this meant that staff teaching mathematically demanding 
topics such as data analytics or computer graphics could not rely on numerical literacy in students and necessitated 
careful teaching of the required mathematics in context of the domain. 
3. Approach to the redesign 
The Faculty maintains strong ties with industry through an active Industry Advisory Network. Due to the 
University strategic goals in teaching, we decided to elicit industry feedback about the existing major and industry-
relevant issues through the means of a workshop with industry professionals and teaching staff. A working party 
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was then convened consisting of interested teaching staff. This working party identified a list of topic areas in the 
context of the kinds of jobs students would find in the data analytics profession. Topics were merged or split to form 
content for specific subjects. Once the initial list of subjects was identified, it was refined after eliciting feedback 
from industry professionals and previously taught students who had gone on to make a career in the data analytics 
industry. Finally, the derived subject descriptions were matched to current subjects and official documentation 
developed to effect course changes. 
4. Stakeholder feedback 
Initial feedback in the industry workshop revealed that new graduates have a good technical and theoretical 
understanding of data mining and database technologies, that they are enthusiastic and fast learners, and have some 
limited problem solving skills. However, industry felt that new graduates lacked an understanding of how data 
analytics fits into the broader business context and that they were unable to apply the theory into practice. Graduates 
lacked abilities in research and reflection, as well as in soft skills such as communication and presentation 
techniques. Finally, industry observed that some recent graduates had difficulty in working in teams and were not 
pro-active. 
Some of these deficiencies, such as knowledge of the business domain and skills in reflection are understandably 
lacking in young professionals because they are born from experience. The challenge all data analytics educators 
face is how to instill this knowledge and skills in a safe learning environment where unnecessary complexities are 
stripped from examples. Other weaknesses such as communication skills can be more easily dealt with by altering 
course content and assessment. Finally, other failings such as lack of pro-activity perhaps could be better described 
as innate personality characteristics refined through experience and it is difficult to see how to kindle them in 
students through modification of courses or assessment. 
The industry workshop identified several dominant themes on which to base course changes. These included 
building a set of industry case studies, developing student communication skills throughout the course, having a 
mandatory capstone project at the end of the course incorporating all skills learned throughout the major, and 
ensuring closer business participation in the major. The working party used this feedback to identify topic areas in 
the context of professional careers. The working party considered several definitions of professional roles, but 
eventually settled on the following prototype roles: 
• Analyst defined as an industry practitioner that develops data analytic models and communicates the results. This 
role is also often called a consultant. 
• Researcher defined as someone who develops new algorithms or methods as an industry or university 
researcher. Another term could be data scientist. 
• Manager who manages a team of analysts and/or researchers and needs to understand what they do and 
communicate their results to others. 
Topic areas (not given here due to space limitations) were identified at “fundamental” and “advanced” levels. For 
example, all three roles would require at least a fundamental understanding of “data cleaning”, “machine learning” 
and “communication” topic areas, but analysts might require advanced understanding of data cleaning, researchers 
would need advanced knowledge of machine learning and managers might require more advanced communication 
skills. 
Topic areas were reviewed by industry professionals and grad and students who had made a career in data 
analytics. Concerns raised at this stage were limited to industry-related issues such as use of proprietary industry 
languages over open-source alternatives; relationship between data warehousing and data analytics; privacy and 
other social issues and use of industry standards such as the CRISP-DM data mining methodology and Predictive 
Model Markup Language. In short, industry issues that  were less relevant in academia, where the focus is on 
algorithms and wringing the last drop of accuracy from models. 
After considering the feedback from industry, a final set of subjects was identified to start running from the start 
of 2013 (see Table 1, column 3). New subjects “Introduction to data analytics” and “Advanced data analytics” are 
amalgams of the old subjects “Data mining and knowledge discovery” and “Data mining algorithms” respectively, 
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with a change of focus and assessment. The new “Analytics capstone project” subject will group students in small 
practice-oriented teams each applying data analytics to a real-world problem. 
 
5. Challenges 
The redesign brings several challenges: dealing with the complexity of data analytics and business; generating 
business-oriented case studies with appropriate data; and formulating relevant capstone projects at the right level. 
Data analytics is inherently domain-centric, but data analytics teaching is isolated from domains. Data analytics is 
situated in a domain. Practitioners must understand domain concepts and terminology and good models are 
constrained by domain theory. Practitioners must describe results in domain-familiar terms and must have enough 
domain understanding to frame research questions. However, the focus of data analytics teaching has been on 
algorithms in isolation from domains. Whilst this helps students to understand algorithms, it adversely affects their 
understanding of the fit to the domain. 
Data is dirty and dealing with this complicates teaching of analytics. Data has complexities and idiosyncrasies 
that are the result of merging information from different databases with often conflicting semantics. Data can be 
missing, noisy or have errors. Consequently, data quality assessment and cleaning is often a major part of any data 
analytics project. However, it is easier to teach data analytics techniques such as clustering when data is simple. If 
students must spend a large portion of their time detecting and fixing errors in data, that leaves them with less time 
to understand a method. Some students are unable to fight through the complexity of dirty data altogether leaving 
them unable to understand the approach being presented. 
There was a strong message from industry to use relevant case studies in teaching, but data to support these case 
studies is difficult to obtain. Of course employers would prefer students familiar with the details of domain data, but 
although we continue to hear of the ubiquity of data, it is hard to obtain in practice. Understandably, companies 
don’t want to donate data that is commercially valuable. There are numerous privacy and competition issues. The 
next best thing to acquiring commercial data is to use freely available datasets such as from the Google Public Data 
Explorer (http://www.google.com/publicdata/directory), competition datasets from Kaggle (http://www.kaggle.com) 
or the UCI Machine Learning Repository (Frank & Asuncion, 2010). 
There is an increasing need to incorporate capstone projects into analytics teaching. Students and employers want 
students to participate in scenarios that mimic professional practice. But, how can we achieve this in the face of 
complex, domain-centric data that is valuable and difficult to obtain? We think this may be facilitated with strong 
trusted industry links and a ‘problem marketplace’, where industry brings manageable and well-defined real world 
problems to academia. However, first there is a minefield of privacy and IP issues to negotiate. 
 
 
 
 
 
6. Lessons learned 
The lessons we have learned from feedback from industry and previous students and from our experience 
teaching data analytics can be classified into those dealing with what employers require from students, what students 
need, and what must change in our teaching. 
Employers want students to understand the task they are doing and, more importantly, why they are doing it. That 
we teach technical proficiency in methods and tools is assumed. Employers further want students to understand the 
context of data analytics. Furthermore, students must be able to communicate the results of their work verbally and 
in written format. 
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Students struggle with the methods before they even come to the context. Some students are challenged by the 
open-endedness of data exploration. Students love datasets that they can relate to. We get students to generate a 
dataset of their bodily measurements. Over weeks, we return to it for visualization, clustering, etc. Students readily 
engage with tools that they can interrogate. For example, the R kernlab package allows students to explore Support 
Vector Machines, change parameters, graph results and see the effects. This is especially important for students 
challenged by the underlying mathematics. Data analytics workbenches such as Rattle (Williams, 2009) are useful. 
Rattle provides a graphical user interface to R for data miners. It is open source, so students can work remotely. It 
hides R’s complexities and it has an excellent accompanying text (Williams, 2011). Weka (Hall, Frank, Holmes, 
Pfahringer, Reutemann & Witten, 2009) is useful but slightly limited in scope. We advocate a mix of tools, 
including Microsoft Excel and other closed–source software. 
The most important change required in our teaching of data analytics is that a task-centric rather than topic-
centric approach is needed. In other words, students need to understand what they are doing and why, rather than 
learning yet another classification algorithm. 
7. Conclusion 
This paper described an approach and experiences from redesigning a data analytics major. Our approach elicited 
feedback from several stakeholders including industry practitioners, graduated students and teaching staff. Industry 
wants students with soft skills and business understanding to complement their technical knowledge. This will 
require a change to the way we teach students: a move to a task-oriented approach from a topic-oriented one. One of 
the challenges is how to balance the complexity of data and domain with the simplifying assumptions made to 
facilitate teaching complex algorithms. 
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